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Abstract: Objective Low-light environments in practical computer vision applications, such as security surveillance,
autonomous driving, and intelligent urban monitoring, significantly degrade image quality and thus restrict the performance

of high-level visual tasks. Images captured under poor illumination often exhibit insufficient brightness, heavy noise ampli-
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fication, and severe loss ofstructural and textural information. These degradations not only harm perceptual quality but also
compromise the reliability of downstream applications such as object tracking, object detection, and semantic segmenta-
tion. Existing methods have attempted to solve these problems by increasing image brightness, but they frequently suffer
from inadequate overexposure suppression and heavy reliance on paired datasets collected under normal lighting condi=
tions. Since such datasets are expensive and difficult to obtain, the generalization ability of these supervised methods
remains limited in real-world complex scenarios. Furthermore, some unsupervised methods attempt to reduce dependency
on paired data, but they often fail to simultaneously achieve noise suppression, exposure correction, and structure preser-
vation, leading to unsatisfactory performance in practice. Method To address these challenges, this study proposes a novel
zero-supervision low-light image enhancement framework that utilizes illumination components to guide reflectance estima-
tion, thereby ensuring high-fidelity reconstruction. The framework is designed to operate without paired training data,
while simultaneously achieving effective noise suppression, overexposure control, and structure preservation. The process
begins with a reversible brightness perturbation strategy combined with pseudo-exposure generation, which synthesizes
abundant pseudo low-light and pseudo well-lit samples without changing the intrinsic reflectance of the image. This effec-
tively simulates diverse illumination conditions and eliminates the dependence on paired supervision. To further improve
robustness, a dual-domain collaborative attention denoising module is introduced. This module operates in both the spatial
domain and the channel domain: in the spatial domain, contextual dependencies are captured to distinguish true structures
from random noise, while in the channel domain, correlations among different feature channels are modeled to suppress
redundant information and emphasize critical features. By collaborating across these two domains, the module ensures
effective denoising while preserving structural fidelity. For structural representation, multi-layer residual convolutions and a
structurally symmetric U-Net architecture work in concert to generate the illumination-map. The symmetric encoder —
decoder structure enables extraction of multi-scale features, capturing both global illumination and local detail, while the
residual connections mitigate vanishing gradients and accelerate convergence. The U-Net is designed not only to generate
illumination maps but also to extract illumination-related features that serve as explicit guidance for reflectance recovery.
Based on this, a guided reflectance estimation method is introduced. Instead of directly treating reflectance as a residual ,
illumination priors are fused into the estimation process. This enables the network to effectively separate illumination varia-
tions from intrinsic structures, restoring edges and textures with high fidelity while suppressing overexposed regions. The
integration of illumination priors makes the restored images appear both natural and structurally consistent, thereby
addressing the shortcomings of previous enhancement methods. Result Extensive comparative experiments were conducted
on the LOL, DICM, and WildNight-8K datasets against nine representative state-of-the-art low-light image enhancement
methods. On the LOL dataset, the proposed method outperformed Retinexformer and LightenDiffusion, achieving reduc-
tions of 0. 62 and 0. 92 in the Natural Image Quality Evaluator (NIQE), as well as decreases of 1. 23 and 0. 25 in the Per-
ceptual Index (PI), respectively. On the DICM dataset, compared with Retinexformer and RUAS, the proposed approach
reduced NIQE by 0. 11 and 0. 81, and PI by 0. 48 and 0. 72, respectively. On the WildNight-8K dataset, relative to Ret-
inexformer and EnlightenGAN, NIQE was further reduced by 1.32 and 1. 87, while PI decreased by 0.33 and 5. 98,
respectively. These results demonstrate that the proposed method consistently delivers enhanced images with improved
naturalness and perceptual quality across diverse low-light scenarios. Beyond image quality assessment, the enhanced
images were further evaluated in a downstream animal detection task using YOLOv8. Experimental results show that the
mean average precision (mAP@50-95) increased by 4. 60% compared with the original low-light images, indicating that
the proposed enhancement method not only improves visual quality but also significantly boosts the reliability of downstream
perception tasks in challenging low-light conditions. Conclusion This study introduces a zero-supervision low-light image
enhancement framework that integrates illumination-guided reflectance estimation for high-fidelity image reconstruction.
The key innovations include reversible brightness perturbation with pseudo-exposure generation to remove paired dataset
dependency, a dual-domain collaborative attention denoising module to reduce noise while preserving structural details, a
residual U-Net backbone for effective multi-scale representation, and an illumination-fused reflectance estimation mecha-
nism to achieve structure-preserving restoration and overexposure suppression. Experimental results across multiple datas-

ets and real-world applications demonstrate that the proposed method not only achieves state-of-the-art performance in quan-
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titative and qualitative metrics but also significantly improves downstream vision tasks, particularly object detection. These

contributions indicate strong practical value and broad application potential. Looking forward, future work could explore

extending this framework to dynamic video enhancement with temporal consistency , incorporating adaptive illumination pri-

ors derived from scene semantics, and optimizing lightweight deployment for edge devices such as autonomous vehicles and

mobile cameras. With these directions, the proposed method could further strengthen its role as a reliable solution for low-

light visual perception in safety-critical and real-time applications.

Key words: low-Light image enhancement; attention module; zero-reference; object detection; convolutional neural net-

work
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Fig. 1 The network structure of this article
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Fig. 2 NIQE performance across PEG levels
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Fig. 3 Visualization of Denoising Results
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F,=C(X"),F,=D,(F,),...F,=D,(F,),
F,=Up,(F,F,), - F;=Up,(FF,), (7)
L=0o(C(Fy))
A, X TR A BRHE R, D R N R AR (5
KA+ , Up Fm bR (S5 R+ BRER
BB, F 3R KRR RRE IR . 432 B ER
BEAE R VHRZ BT B2 5 s & B0, o
PRAEAG TG BRI O B 30 G Pk 5 X — Bk
T k2D R THERSZ B IR A RO L 2 b T
1 & REAE N A Reflection Padding SE8 ., LAk,
L-Net B9 5 24 th 28 12 Sigmoid PREUH— 1L 20, 1]
X [8] , i /£ Retinex BRIS XGRS Lo TF L-
Net B Y i B v, Dy 1 B O oo figk 4 o B8 1R AN A 2
PE, RI28 R T T Z2 i 2% pR B8Ok 29 R IR BT [ L 1Y
Mok R 4 Fros, £ 24 Retinex Loss fl Guid-
ance Loss. Horp 55 BB (5125 Ay SC 450 2% ek Bt )
F 1 T Retinex Loss, Herf R[S Bf iy 1 P i ik
Total Variation Loss 5 .
Ly (L) =11V LI, + IV LI, (8)
A, Ly FRBUR R, LRI 5,V IV
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Fig. 4 Overview of the Loss Function Design

Fom MG AR KT [l AR 157 ) BB B ok i .
55 0 P 3 R T UL A S AL SR ) B
L, = MSE(Lmax(X")) (9)
A, L RN IR PR, MSE 32 7R ¥ 77 1R 22 151K 1R
B, LR T R X7 3R 2o S i A A R
max () 27 T 38 T8 2 5 U R A DL LR 52 2
AN, R DR AIE Retinex 7 1 2 B8 | 1) e FH—
P, S TEN Zrad B b g AT B 5 BRI Y Ay —
HEL R, S Retinex A3 :
X=L-R=R =%
Ao, X B FRAE L, LB S B, R &Y
BlgraE . PR, 2878 53 fifk 45 SR 1 2 ) BRASE A 1Y )

N&Nﬁ%@RE&Eﬁ%Z@%A%ﬁ%%%
SO

(10)

L. =IIL-R - I (11)

L, = ||R—L||§ (12)

L+ e
o, LR R0 BRI, € S — M AR/INE (i 1x
109, H TP kbR E 4 o % U-Net 9 T R FEED
oy e 2 ROBERAAE S UL, BB S = B HE 3 £ 5
(R SCAR B 5K 20 Y 25 ) 254, AR S 1) K —
Rk N R-Net #2451 F: . S~ T8 f& U-Net 1y F %
FELR 3 BENS TE /0 W L-Net I 2855 1 S 545 1, D1

F R-Net #2420 1048 5, 5 A T —AFi At 2
PEEX Guidance Loss.o

1 &
L, = NZILM - Ll

Ko L Fom U RN R 2 SR TR RE A
SV, L, R U-Net 28 0 HHARFAE , LA L-Net % 45 4 i1
AIHFAE . BERSHL A U-Net A% H AT BE HUI T L-Net
(R4 AER I R B b, S 3 i o A v —
ek, Ok T 5 BAE 3 Z R 1533 , 7 R-Net
MDA ZRBa e T R SE e mt o 1. 4 1 MR Y 5|
ST

FEAR S R REZR | R I A G b 5 0 R
TR A T 1, EL A% S5 SO BRI , 15 3
i v 5 A (18 R A2 BEAE S 23 5 | S S IX
W . R T 400 A B R 52 O AR B s I A 1 S R A
T ARSCEIT T —AV A B e {5 B i 51 50Uk
SR RAHL(GREN) o WA S i, R-Net 22 H
FoMEF I 45 (D-Net) i H 19 RS X7, I3 3 2 )2 4%
Z B FRICT GREN BEH (199 1R i AFRIEZ — F,
eR#MV

] BF, DA 55 R BH A3 190 45 5 55 9 U-Net H BRI
T2 18 FFE F eR¥ ™ S8 1k )2 1x 1 4 BUF H:
W IEEUN 256 [ 5 64, SEHE T F 45 , -1 1 SRk
SR R4 I (0 R A 728 ()6 55 B IR S P e 2
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Fig. 5 Detailed Illustration of GREN

i) 24 35 ) — b
Fi!=0(3(C . (F,))) (14)
Fi=1(F.F) (15)
L, FL 3R U-Net UK TR ZTE SURFIE, F L Fm
Wit 2 25k B TR BUG RHIE R, 1 3R X RRIE B 7R
23 (A48 E VEA TR 5 o - BE TS K WA R AT R 7 S T 4 i
PR IR T )2 I BT R SR A, 15 5
5| 58 5 R IE £
Fo=C . ([Fy; Fi]) (16)
Kp, FyRoR FY 5 F 28 T4 X 57 R AE IR . i
5| 5 Al A AL RE 0% 2 =X ) R-Net $24E BB I F 3¢
R, DA e A AR S i 2 S0 B B 5 IX sk A 4 )

RET , AT BRI AR A 0T B SRl T B 52 e . Rl PR
F 555 3% R i 10 G AR A T i, i — AL 4R LR By
SERAE 25 i S E I B S L IT A Sigmoid B
PREUE—fb [0, 1] X [A]

R = o(C(F, + F,*F,)) (17)
Krf, FFR R RGNS TG M FIEE, R 7R GREN £
HOabBE  HAR AR g e A 5] AR B
51 FHFE (Guo 55 ,2025) , i 5 145 1 i S5 I X 454
S RIkEe ), AT TGS Ry
Sy ES TR, e S UG R PR AL TR E M R R B
B EL

& 6  WildNight-8K %4 £ ML UL (5] ]
Fig. 6 Typical Examples from the WildNight-8K Dataset

2 3L I§

2.1 HIBEMEHEHT2 1. 1HIEENA
AT H] T 3 HHha £ AT S PEA - 1A

H 55 1% % P8 % WildNight-8K (Wildlife Night-

time 8000-image dataset) 1 2 >3 FF £ 4 42 LOL I

DICM(Lee %5,2013) .

Hrr, WildNight-8K , £ 1% 8000 7 [EI 14 , R I T
F AR Sh W 08 B X 10 A W AR Sk, e FER Ry
32001800, FH T+ £l 4 1t 55 152 19 BT AR Sl R
(] W4 o, A B I S PR AR e M I A 4O IR A%
1, B AR SCRIF 9 LA B S B o i Az R
TR A PERR R R G R AR AL A7 AE M 75 5 gl
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(c) Mep

((a)original image ; (b)low-light enhanced image )

(b) 221 ¥

7 ARSOTIERG R ACR AN K]
Fig. 7 Detailed image of the enhanced effect of this method

e, HOREL & X A IE & G B R 2 % 18, Rk
ARSCHEZEE S LR T B FR AR A T VR4S . K2
BT EEMGTE B 6 SR T MR
WU, R iR A SC T vk AE BB TE 228 55 O i
Yyt 5938 FAE , 2567 DICM A LOL %4 4 b ik
1T. DICMAL % 64 3Kk H ZFhEi A LAY B SE IO
BUL , 55 2 N SRR (BN R U S e 2%
4, IS S HN B 5 X 38 5 LOL B4 4 ) 42 44t 500 5K AT
X ARG/ IE H GBS .- B B 45 A RERS 4 T PRAL
BIRAEA R PR 5 et 5l

% 2 WildNight-8K #E&E%& T8
Table 2 WildNight-8K Dataset Statistics

WildNight-8K £#ii &£ 45 15 B

P A 5 LA AR BT AR 11 L H SRR X
KR e 8000

P25 T 16 S e 2T S A% P
PR 3200x1800

O B 20:00 - ¥X H 5:00
E(EE275 AR EART RO R 4 T X
D SY 108

Bk eSSl TR R A RS
e {E 74.75

SEIE R/ IMA 64.82

SR 93.02

2.1.2 SEREARTY

A SCAE A & N AE A T I 1k 4% (adaptive
moment estimation, Adam) , % & B:1=0.9, p».=0. 999,
WG 2 2 R0 B R 11074, Ykl R 2482
)R BEVH IR ME , BRI 2R 1007 epoch B2 2 RAZ g H
JERE 0.5 0% o NZRALIR KN 4, B AEII125: 300
A~ epoch. YAl H H.5K NVIDIA GPU 4060Ti (Ji
T CUDA i) o A B I 2 it B A 45 4 Fh4id 2k e
B G UuAk , By IR I i A8 rh R TR E B
AT NaN Kl 258, JF e 8 0O L 56 5 B T i
RIEECA 1.0 A RS BE R BT, LA A6 1Y B i 7
2. 23Ffristn

T AL LA T DA T A S PRG0S
SICAME T I TERER B, A SCIE T 1 IRz
HBEA R R B = PPN bR, 5 =R e st
T2 bR : IR EIMET i PE Al 15 AR (natural image
quality evaluator, NIQE ) (Mittal 45 2013) TS H K
1423 8] JiT 5 PEAL 2% (blind/referenceless image spatial
quality evaluator, BRISQUE) (Mittal 45 ,2012) #13&F
W 5% 22 [ 2% DRN 48 #5 (deep residual network,
DRN) (Zhang 55,2017, DA K B FP AT S ] 18 4+ J%
T8 8L (perceptual index , P1) (Blau 5 , 2018 ) F1 24 >J
T G B AR LS (learned perceptual image patch
similarity , LPIPS) (Zhang %5, 2018) . 1, NIQE i
PR R G RIE S A SRR Y 22 SR P F A
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H 4K, BRISQUE il 5 2 Uy &8 2 [A] F#AE LA A 2%
FLARE  DRN I FHVR BE 27 S BRI 288 32 0081
LSRG o AN AR T B, T PLIE i TC 2 5 A i
PEEERF A A8 B B AR T 43, LPIPS 3 F IR
JEE R 25 [R] 8 SR HTRR R 6, AT A AT 2% e s i
Je EURAES5F S5 808 AR fk . 38 X T AR S AR Y
SEGAT T, RERS TN 4 AT M sz B B A S B A A
TR B DA SR AR B A T ) PERE R I
2.3 LI

BN RTR SRR 8= el N iU Dby € S ]S
7R AR ST MRS B R [ 3k T ok B B
SO I, I W EE R R T R AT UL . SRS Y
EUGAECRFE A SR A (i S6ak b R &
SRR AN (5 2, FLRS A B B A s s 5 | 3
PRI 0T 5 2] J A

T B UEAR SC 5 B R R B
WildNight-8K . DICM I LOL %l 4 - 5 9 Flft Fe ik
55 GG B T HEA T T i S e X L AT . BT
VTR R T A MG G A SR AR R ) R
TRIE 22 SRR 4345 ZERO-DCE(Guo 25 ,2020) | Ret-
inexNet(Dong 4% ,2022) .RUAS(Li%,2021) .Enlight-
enGAN (Jiang %% ,2021) .SCI(Ma % ,2022) | Retinex-
Former (Cai %5 , 2023) . LightenDiffusion (Jiang =
2024) .FLOL(Benito %, 2025) A &% CIDNet(Yan %5,

2025), AR A NIQE .BRISQUE #1 DRN =fh 2
U BT B VPN R bR , W85 S B 45 2R 1 2 WL
REHEATPEAL 25 R LR 3R 4.

R T SR AEAR SO A R N B L 43 A
WildNight-8K 5 4E . DICM B4/ 45 1 LOL XI5 45 -
5 R R M 55 G MGG 5y 1 AT T i 5
XA M Tk ik EE T AL Rk S A
AR 0 F IR R B 2% S B 4 4% ZERO-DCE (Guo
25 2020) RetinexNet(Dong % ,2022) \RUAS(Li %%,
2021) . EnlightenGAN (Jiang %5 , 2021) . SCI (Ma %%,
2022) \RetinexFormer( Cai % ,2023) , LightenDiffusion
(Jiang % ,2024) \FLOL(Benito % ,2025) A 5 CIDNet
(Yan%%:,2025) ., A 3C2R ] NIQE . BRISQUE FI DRN
=R S EUR BTN bR, 08 5 G R 4
B WL REFEATIPAl , 45 2R L3R 3 Fisk 4,

[A]A, ] 8 7F WildNight-8K . DICM Al LOL % 5 £
A T AT ALSERT . 7E WildNight-8K 4
£ b RIS GO IR BEIR AR B X RS B, Ret-
inexNet A6 T Jay Tl G AR e JB2 (L& 14 75 LA B
5B 41 Ak 5 M 7S K RUAS. ZERO-DCE | Retinex-
former 5 FLOL 7£ 14 5% J5 I R IF , (H 5 51 A K
Fid B . EnlightenGAN | LightenDiffusion & FLOL
T G Y, AR A € 4 i 15 i 4% ; CIDNet 7E
WM 55 58 B S T A AT, SR T S0 3 7 A7 ok

®3 AREKEEELOLHEE LRI EL L

Table 3 Comparative experiments of different models on LOL datasets

LOL
e 2 Params(M) F(Lgfs NIQE § BRIiQUE DRN§ LPIPS§ PI§

RetinexNet(Dong % ,2022) A e 0.84 587.47 329662  25.6694  0.4128 0.3979  19.1942
RUAS(Li%,2021) A B 0.003 0.83 272001 203618  0.7808 0.2707 14.8577
SCI(Ma%§,2022) A 0.0035 0.69 30.1886 229022  0.6014 0.3497 18.4174
Retinexformer( Cai %% ,2023) A WE 1.61 1557 269033 147295 03583 0.2821  15.0211
CIDNet(Yan%#,2025) A WE 1.88 757 285411 19.9677  0.4005 0.2979  13.8376
ZERO-DCE(Guo %,2020) Te 0.075 483 279745 202504  0.5982  0.3305  15.5021
EnlightenGAN (Jiang %,2021)  JCWiE  114.35 61.01 281024 162268 - 0.6201 03097  14.9981
LightenDiffusion(Jiang 55,2024)  JoME 27.81 5932 27.2058  15.0859 0.5256  0.3383  14.0445
FLOL(Benito%,2025)  JCIiE 0.81 8.36 283371  21.1203 03422  0.2963  15.2402
ARICIT T 2.64 1732 262812 145511 03376 02611 13.7917

T IR AR s d DRSS A 5 1 Sk 100 T 2 Sl 1 b , B IR R B
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Retinexformer

RetinexNet

Retinexformer LightenDiffusion

FLOL

CIDNet

(c)LOL Dataset

((a) WildNight-8K Dataset; (b)DICM Dataset; (¢)LOL Dataset)

P8 N[ RS AU7E [ A 5i A 55 v T LA 2 R0 L

Fig. 8 Visual Comparison of Enhancement Results Across Different Models

B[] 7E DICM Bdi 46 B i 5290 45 R R B, Ret
inexNet 7F $2& F+ BMGSEJE B [F B 5] AT 3 2 W75
RUAS . ZERO-DCE i Retinexformer 4 77 75 Ff] i (1) 1
WEE I ; EnlightenGAN I FLOL H G &4 34 5k 52
B H A 0 E B, A7 7E (4 2 0] BT LightenDiffu-
sion 1 CIDNet £ A Hy B 13 (] {8, {83 5 A 305 A1
Fe 0 G I B SRS SR THRCR A R , LAY
AREESCAN T (IR AN A SR . B S TE LOL s
& b & ITEE ST S R — B Dy TH Y 25 5
B2, LOL Y75 b= N 55 H % 2155 , RetinexNet 7
R FARIBAEAE Sy il ASER e 1 [R)8E, 3 5 )5 5]

(R RA S IRER T AT P SN R Yok
HE— UK s RUAS 5 ZERO-DCE H fE B 342 I %
PRSERE AR Bt i DIt B2 | I A 55t e U )
A Kb 41 Y T2 2 5 ; Retinexformer 1F 5 B #2 T) I 45
R 353 ABAT A SE X2 FRIAR 13 68,2 LAY [ L
FLOL7E—E R a2 1t W4, (H A g 25 S
A A B 8%, €6 % 308 JELVE A PE S 1 5 EnlightenGAN
LightenDiffusion F1 CIDNet 7 {08 g a2 14 77 11 e 4
D, W s o) AT EEARL, (EX IR DX 3 (5 AR 843 ) 1Y
PESTE AT PR, 5 B AU ATy D 15 , 38 AR L&
FEXELIHRR . 28 TR AR SO A B e 2/
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£ 4 T EHEETE WildNight-8K 1 DICM £ #E & Fr3+ bk sL16
Table 4 Comparative experiments of different models on WildNight—-8K and DICM datasets

WildNight—8K DICM
e H7 NIQE® BRIiQUE DRN§ PI§ NIQEQ BRIiQUE DRN§ PI§
RetinexNet(Dong%,2022) I 477723 33.0181 0.1986 27.5802 32.8056 30.3956 0.6652 21.1579
RUAS(Li % ,2021) AW 253308 37.9463 11967 21.4092 28.0808 24.0853  1.2288 18.9102
SCI(Ma%:,2022) HWE 394766 31.3406  0.9984 24257 357977 293843  0.6653 22.4673
Retinexformer(Cai %§,2023) A WA%%  23.5858 284914 0.204 159012 27.3817 16.1676 0.5749 18.6652
CIDNet(Yan%,2025) AW 260875 334579 02463 16.1024 284569 24.8822 0.5967 18.7355
ZERO-DCE(Guo%§,2020) M 256587 352875 0.5524 21.9802 30.2217 242588 0.6995 20.1452
EnlightenGAN (Jiang%,2021)  JEliE  24.1287 445487  0.3565 21.5433 287177 18.9548 0.7803 19.3542
LightenDiffusion (Jiang%,2024) M7  24.0353  31.5743  0.1896 16.5801 28.1835 265121  0.6867 18.8823
FLOL(Benito%§,2025) W% 264565 31.1065 0.6513 17.2581 29.4709 232186 0.5788 19.4211
AR T 222610 271911 0.1814 155665 27.2728 15.1049 0.5642 18.1875

T VL PR SR R B U4 28 5 1 Sk 1) B 2R i 4 An , B (e I e AL

x5 HEHEMINE
Table 5 Incremental Ablation Study Table

4 T s 200 JBL 1 s SRR 30T 5 SO R, A 0 o
iE RS R ST E AR AT R LSRR B

Eiﬁlﬁﬁﬁiﬁl%(Dong% ’2025) R Baseline PEG DNA GREN NIQE § DRN§
2.4 SHBhSELG J 274093 0.3109

o T WEACSCIR i SO — P Y v 253557 0.2822
%L L (PEG) L A HLE (DNA) AR Y v 242370 02631
5] S 2 5 R 10 3 (GREN) 76 BER b A ket Y Vo 242909 02620
W s PR, LR e iR oy B fE Y V J Vo 222610 0.1814

U L T AR R 4 B s VR R MR B8 % s 4 Sk i)
FoR P RbR B BAR AR R I

WildNight-8K AR U i A B — A58 587 I 25 - Jn A
PEG J5 24075 W1 B, NIQE 5 DRN $8 bR 4144 , 13
WIZ AR AT A5 | 5 I 248 2 > T R A5 24015, A
Bl T 5 OGS RO sl 2k 9 SURHE B A
DNA Ji5 M 7 5 1o B B 5 6 20>, NIQE 1 DRN 48 45 73

Fx6 HEIZHWE
Table 6 Ablation Study Table

- oA PEG DNA GREN NIQE§ DRNE
SR 11, 6% F115. 4%, Bk T 1% 4 755 J1 AL i ) e O PEG 7 7 o0 da
= S sl P . I > N BE B 3

ikl ‘Fﬁ'J M S s in A GREN WM 8 7 5% B8 5 i 5t o NDA { J sror  Dhass
(AT, PG 85 R VA 5T 3 )i 7 TR AR A5 AR, o B X )

e N N w/o GREN N 23.8566  0.2258
B M2 T A SR AR Y S B AR A "

SERLA I v N N 222610  0.1814

TEFTA IS A5 bn LRSI, 30k MR AE S ) : — —
T DKL AR e 25 L s VR R ML 8% s Sk i)

T AT 2R ) R T PR AL , 78 73 I A% S B b
[Fi) 44 4 B B

Y k2D R G IRAIEA SCRE R R DA RO (K18
A (PEG) | 25 M1 =1 BLHI (DNA) LA KOG IR 1A 5
B9 RS 8 5 (GREN ) 75 B {ACHE S8 v fy i <7 5 ik
S EVET L ASSOT R T I o8 35 A9 TH Al SE 5, ik

FoR TR bR, BB AR R AL

6 JIT/I , DAL B A B b f) 5 4 AR Sl 2 B 43 A
# w/o PEG .w/o DNA Hlw/o GREN Y X H A6 Rl 2%
R, L BR PEG J& , BRI LE 5 X 25 44 1k & Rk F1 0
RN B, IS 40T RO, NIQE 55 DRN 3 3] - JF =
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24.2107 F10. 2402, Ui I £ B S RE A AE 5| 5 W 4% 2%
> R B I 4 4 TR B T G BEAE 5 K BR DNA
S MR RO BB T S R R s DX B
B, NIQE 5 DRN ¥ .45 4k, Ba4iF T A Mt 2o pl
] ZE A1 1) MR P ORI e D6 e FL A AR AE 5 R BR
GREN W S B0 5 R oy B 7857, RIS RE AR 2
P AR RE  H RS X B SO [ 88, NIQE Al
DRN 4351 24 23. 8566 F110. 2258, L2 T, 58 B Ak
RIYEW I IC S % e b5 L 3R AR 45 5%, 5850 il B
SHEAESE R T W B 5 S5 R Z R T
HRLB PRI 25

xRT EXREHBOWR
Table 7 Ablation Study on Model Efficiency (Params/

FLOPs)
el Params(M) FLOPs(G)
wlo NDA 2.42 13.67
w/o GREN 2.59 13.54
e RE Y 2.64 17.32

T L P SRR e e 24

VK, R HEBR P RE B FHOR T TR ALY K
(AT R , AR SCk— 2% DNA 55 GREN #E5e 5| A
JE M SEGE 5T R E AT T X 5T, PEG &
FEAE 2 1 1 O AR R, TR T2 2T Y N 4%
BB, 704 BB BEAS 25 5] A B AMA rT I 20 2 50kt
BIE. 5B wmE 7 Box, M wo DNA 5 wlo
GREN [ #5857 & 50 70 2 B0 i {3 i 22 2. 64M,
FLOPs 24 17. 32G, # R A7 FR , 207 % 1 4 2 19 NIQE
5 DRN B , A SO I AE THIR T T 3 i 4
RSCEL T R A R AFROR - e
P

&5, AN Lk — 25 %} backbone H U-Net 11 25 ith
- AR B E T T RGN, AR T
AN [) 19X 65 T8 B T X R 5 /) 3 A3 AT 1 A X R 45 ) %o
RIEHE SR ERE M SE . SIS 25 SR a2 8 i , 24
Encoder/Decoder ¥ 4 2 J2 I}, W25 3235 8E 1152 R, ME
DL R A0 St oL B o A IR AR A 0
F BRI TR AR RS s A P45 IR =X FR 1Y 3 )2
254, 155 8 E NIQE 1 DRN 48 #x b B 45 & 2 2 7}
(22.2610/0. 1814) , {55 KRS W P 41 i) 55 4005 [
R Z )38 B A T4 5 i — D IR XS FR A 4 )2 25

% 8 U-Net MR E 5 HB/MFDITFRIENERIER
Table 8 Ablation Study on U-Net Depth and Encoder/

Decoder Symmetry

U-Net 45 Params

o NIQE§  DRN§ oy FLOPS(G)
E2 - D2 247421 0.2366 1.46 16.82
E3-D3 222610  0.1814 2.64 17.32
E4 - D4 23.0211  0.1899 8.51 18.13
E3 - D4 23.1801  0.1977 2.65 17.56
E4 - D3 23.5789 . 0.2143 8.47 17.54

T LR SR S LA 5 1 Sk 100 T 2 T el 4 , K fi
TR R BURAL .

FIN A S B AT B, (B RS T
TAAEL 2 AR, B RN K A 5 I A TR
FREAEERAE, JF T 6. T4 ' BEFN S S8 0 ik A B S 1 o
5 Rl , A8 SCGAXTHEXTFR U-Net Z544 Encoder4
JZ - Decoder3 JZ Fll Encoder3 |2 - Decoderd JZ 4T T
XF LSS o LB AE R, i A - g 2 L
Bexs T 2 ROBEDEIR{E AR (4188 2= OC 2, X FR
f U-Net Z5H BERS 12 T R AE S R R AR
IR S5 23 ) RUBE A — B0k, AN ) RUBE /) O BEVRR
TEAF LB AR 5 T A X PR s AL B 8 1) 45
Dy W IR X b RUBE X 5%, BOG IR BT A 5UR
KHE.

25 LRTIR 2200 BE T R S WA R R 2
JEEFR T LA e R 288 5 R A5 5 T 4 T SR E 1 AN ST
205 B S E R, D UL IR R Y PEG
DNA 5 GREN & B AE AR 1 53 A 55 rp 4% w) HL I AR
B SRR TR RE Y B T
2.5 ETFTHESHITMA

T BB B B L g G R R T A R
SR R B SE R E, TF R T B TAE 55 1 IEAG
525G (Task-Driven Evaluation ) , B 8458 5 14 RS 0 H
TR Eh Y B AR 55 , 25 20 H R iR i vk
REMY 2 . BT, 2 FH Y T B 4051 A 4G DU A
A YOLOv8(Jocher,2023) , 34 WildNight-8K %45 5
Hh AN [ 49 58 5 12 A B A AR AE A A 1
YRI5 Bl e . I A R B 4 7R 4 — L
BN e — 2 O R R . ARSCR I
Ui B H BR A I DA 45 A5 mAP (mean Average Preci-
sion) FE MR AR b O0r 4G I M BE AT PEAS . SIS 45 5%
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deer 0.99 night 0.97

mouse 0.74

mouse 0.91 adger 0.99

(b) 385 P BRI 25 R
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Fig. 9 Visual Comparison of YOLOvS8 Detection Results
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